Online social media present a unique opportunity for patients to explore their health issues, share experiential information, and fulfill their need for health. The shared knowledge provides indirect experience of the sensory aspects of a medical treatment that are not available from the description of its tangible aspects alone. In this study, we examine various forms of WOM in online healthcare communities and investigate how patients use other patients' experience to educate themselves and better understand their health conditions. We find empirical evidence for the impact of social interactions. More important, we find that experiential learning, a concept describing substantive experience-based information seeking and sharing, is a complex process and that, surprisingly, buzz effects outweigh similarity effects in social interactions about medical information. We also examine the opinion leadership concept and the managerial implications of these findings are discussed.
Introduction
Social media are changing the way people learn about health and illness (Ziebland et al. 2004) . A report from Manhattan Research suggests that more than 60 million Americans are consumers of "Health 2.0" services (Kane et al. 2009) . Those who use these Web 2.0 applications to learn about health are able to transform themselves from passive information receivers to active participants who build knowledge collaboratively . They use the Internet to find and share information, to look for insights into rare conditions and new treatments, and to exchange experiential and anecdotal knowledge online, all of which arises, broadly speaking, from online word of mouth (WOM) that emerges from usergenerated content. The use of new tools designed to support collective knowledge sharing with interfaces increases the speed of healthcare community formation for collaborative web-based patient education and magnifies its impact and reach. Thus, online healthcare communities are believed to have profound implications (O'Grady 2008 , Fichman et al. 2011 ).
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The phenomenon of online WOM is not new. The Internet has enabled individuals from all over the world to make their personal experiences, thoughts, and opinions globally accessible (Dellarocas 2006 ).
Numerous analytical and empirical studies have been, and are, conducted to investigate the social influence of ex-post reviews (a summary of prior theoretical and empirical studies of online reviews can be found in Sun 2012) . However, doubts exist as to whether or not prior findings are valid in the online healthcare community setting. Even less is known about whether the typical methodologies that have been implemented in prior studies can be used to study social influence and the consequent impact of patients' online information exchange behaviors, because people tend to be more emotional and exhibit greater risk-seeking behavior when faced with a life-death choice than they do with problems in other life domains, such as personal finances or public property (Druckman and McDermott 2008) . For instance, if an individual is sick, she might disclose personal information and seek others' opinions in the hope that it might somehow improve her health, regardless of what the actual probability of her getting better might be (Anderson and Agarwal 2011) . In addition, what patients communicate online is their first-hand experience based on their personal health conditions and knowledge, so the shared information reflect their perceptions of treatments against their expectations and may represent assorted perspectives, emphasizing distinct angles or aspects, such as treatment effectiveness or the severity of side effects.
More important, the ability to interpret various forms of health information and integrate them varies widely across populations (Murray et al. 2007 ). Taken together, collaborative health education is a complex process, and existing findings may or may not be applicable to explain patients' experiential learning in online healthcare communities.
The increased participation in online healthcare communities strengthens the potential for patients to influence one another's decision making, emphasizing a third decision-making dyad, namely patientpatient . Extending the traditional realm of health IT, patients' active role in controlling their health and personal information emerges questions such as who create and what is the usage pattern of user-generated health content and the consequent impact on health. In response to the flourishing online communication among patients, many studies have been conducted to investigate this phenomenon. However, extant research works tend to explain people's information-seeking motivations and identify their behavior patterns at the individual level, but they do not account for the collaborative activities in online communities (for overview, see O'Grady et al. 2008, Logan and Tse 2007) . Although this experiential information seeking and knowledge sharing occurs with no boundary or limit, and the consequent impact of the "wisdom of crowds" (Sarasohn-Kahn 2008) is described as having a big impact on health outcomes (Eysenbach et al. 2004) , little research to date has examined the notion of collaborative behavior in relation to health information seeking and knowledge creation on the Internet.
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To fill these gaps, we investigate how patients educate themselves and use information about others' shared experiences in the online healthcare communities, a process that can be described as "experiential learning" in the healthcare context in contrast to "observational learning" in other contexts. Specifically, we empirically assess three aspects of social interactions. First, do various forms of WOM help patients to understand their health conditions better and to what extent? Second, does social role matter in influencing others in the context of healthcare? And third, are sociometric measures an effective method to identify influentials in online healthcare communities? Our study combines patients' individual health condition data, network data on patients' discussions and the online connections of their followers, treatment data, and online reviews of these treatments. In this way, we are able to investigate the social influence in patients' collaborative health education, which is of great relevance to both practitioners and researchers , Fichman et al. 2011 ).
Our work fits into the field of social media and contributes to the broad discourse on WOM in several ways. From the theoretical perspective, this study combines individuals' shared experiences from various angles into an integrated framework and thus provides better assessments of the influence of social interactions. In most literature on WOM, a single indicator, that is, rating, is used to summarize the reviews of different aspects of a product (Archak et al. 2007 ). However, as online content grows exponentially, social interaction becomes an increasingly complex process, and sometimes it is hard to even identify its influence. Prior studies of social influence among patients-focusing on their perceived treatment efficacy interactions-have already identified this complexity, and demonstrate the existence of indirect social influence, although they show no evidence of direct impact from social interactions among patients (Yan and Tan 2011) . Our study, by exploring the effects of online reviews from multiple aspects and the interactions among these different aspects, enables us to provide a theoretical model that comprehensively explains the relationship between WOM and the treatment quality perceived by patients.
To the best of our knowledge, we provide the first empirical demonstration of how experiential aspects are significant determinants of patients' perceptions of treatment quality. From a more practical standpoint, the findings reported here are of interest to healthcare service retailers. Given the proliferation of online social interactions and the variety of content being addressed, it is inefficient for firms to simply look at the statistics of online WOM but more investigations are needed for effective use of information provided by social conversations. We present evidence of peer influence among patients, and it is especially important for firms to listen to these online conversations. Moreover, it is assumed that opinion leaders-a key focus in network marketing strategy that has been widely used in the new product market in the pharmaceutical industry-are easy to identify. However, the virtual space and patient-centered platform make it difficult to identify opinion leaders in these online environments. The use of feedback 4 mechanism as a proxy measure for assessing the impact of opinion leaders is shown insufficient in the online healthcare context, and further development in this realm is needed.
The rest of this paper is organized as follows. In Section 2, we summarize related literature and develop our research hypotheses. The data set is described in Section 3. We propose a hypothetical construct model and discuss the results generated by this model in Section 4. Section 5 discusses the implications of this work and concludes the study.
Theory and Hypotheses
The search for health information through online healthcare communities has been the focus of considerable attention as the number of patients relying on online health information has steadily increased (Nambisan 2011) . Patients can more easily bypass traditional information intermediaries to learn about health topics, and communicate and share knowledge directly with one another in a timely manner. Patient-patient collaborations therefore have been recognized as an important element in supporting those learning about health conditions (O'Grady 2008) . According to the National Health Service, the increased acquisition of information from the Internet helps patients to better understand their medical condition and self-care (Kassirer 2000 , Wanless 2002 . Consequently, there is higher chance for patients to adhere to the recommended treatment as they adjust their expectations for the treatment through learning from others' experiences. However, it must be noted that many of the informationseeking patterns we now observe in healthcare communities are not new-they merely replicate the patterns and preferences for information seeking seen in other online environments. What is new is the increased ability for patients to access "more patients like me" and the ways in which information is used by patients and their families (Epstein and Street 2011) . Thus our efforts in exploring the factors that constitute experiential learning are thus drawn from the following three aspects: the effective use of WOM in the online healthcare community, the homophily phenomenon, and the credence derived from the social role in communications. We address these facets in detail in the rest of this section.
Effective Use of WOM
When patients need health information to manage their personal health, they turn to other patients for their first-hand experience and advice (Hartzler and Pratt 2011) . Unlike the expertise offered by health professionals, patients offer other patients substantial personal health guidance based on the knowledge they have gained from managing similar health situations. During interactions, patients discuss various topics including symptom interpretation, illness management, the nature and effectiveness of treatments, and so on (Coulson 2005, Christensen and Griffiths 2008) . This information helps patients to build their health knowledge (Kamel and Wheeler 2007) , by matching related content to their own health conditions and treatments. With this knowledge, patients can properly set their outcome expectations for treatments, and thus reduce the gap between treatment expectations and medical outcomes. Thus, we believe social 5 interactions have significant influence because patients educate themselves about health conditions during communications with other patients. In addition, with access to the Internet, this informational support is not confined to a limited period of time but can be accessed at anytime and anywhere. Although online conversations can follow different formats, we believe that, in general, WOM in healthcare communities has a significant impact on patients' healthcare education.
Hypothesis 1 (H1):
Online WOM plays a significant role in patients' health education.
Typically, online conversations in healthcare communities are observed in Numerical and text forms.
Examples of the former include ratings for a particular drug and the distribution of those ratings. The latter are typically found in forum discussions that contain text thread exchanges and comments about ratings that further reveal patients' experiences and opinions. In this study, we deconstruct WOM into these two forms and examine each of them as follows.
Numerical Reviews
Numerical reviews are a widely adopted form for online WOM in various online settings, because they are easy to illustrate and interpret. Whereas an overall rating-as a proxy of perceived product quality that has been used widely in the existing literature-has been shown to be more influential than information content in affecting consumer interest (Wyatt and Badger 1990) , recent studies have pointed out that the information embedded in product reviews cannot be adequately captured with a single scalar value (Archak et al. 2007 ). Other information dimensions are also valuable for developing a comprehensive understanding of customer online reviews; for example, the degree of disagreement among consumers' reviews has been shown to be important when the average rating for a product is low (Sun 2012) . In light of such evidence, our study considers two distinct dimensions of Numerical WOM, namely volume and dispersion. These measures are attractive in that they are provided by most online social networking sites as convenient tools for users to see the distribution of ratings.
Volume of WOM. The first and most obvious dimension of WOM is its volume (Godes and Mayzlin 2004) . It has been examined as the essential measure in a number of prior studies (e.g., Van de Bulte and Lilien 2001 , Godes and Mayzlin 2004 , Chevalier et al. 2006 . Duan et al. (2005) tested the relation between online reviews for software downloads and found that the volume of reviews had a positive impact on product sales. By studying the online reviews for movies, Liu (2006) showed that the volume of online WOM had a significant effect on box office revenue. In the online healthcare context, then, the more conversations there are about a disease and its treatments, the higher the chance that more patients will be informed about the disease, be aware of its treatments, and learn from other patients' experiences and knowledge. Because awareness and understanding of treatments are necessary for patients to set up proper expectations for their treatment outcome, we expect that a higher volume of WOM will lead to higher ratings for treatments. Dispersion of WOM. The overall rating, typically expressed as average WOM (for example, the average of the number of stars that contributors assign to a movie), has been widely used in the existing literature as a proxy for perceived product quality. There have been numerous analytical and empirical attempts to study the impact of ex-post reviews on consumer valence and product sales, but the findings are mixed. For example, a study of WOM effects on Amazon.com and BarnesandNoble.com found that better user reviews increased book sales (Chevalier and Mayzlin 2006) ; however, Chen and his colleagues ( Chen et al. 2004) found insignificant influence from user ratings from similar empirical resources. When it comes to treatment-outcome evaluations, however, the effect of WOM becomes less obvious. On one hand, a higher average rating for a treatment indicates a satisfactory treatment outcome, which, because it is generated by prior users, suggests a higher probability for a higher future rating. On the other hand, patients may set a high expectation for a treatment outcome based on what they learned from shared information, which can cause a lower rating due to unfulfilled expectations. Therefore, we propose 
Hypothesis 1.2B (H1.2B): The average rating is negatively associated with future ratings.
In addition to the average rating of the numerical reviews, the variance of the rating offers the percentage of reviews that are associated with each numerical score (Sun 2012) . Pie and bar charts make the distribution of ratings convenient for patients to compare their situations with other patients who are also taking a treatment. Greater variance in patients' ratings indicates heterogeneity in patients' treatment outcomes. A higher variance also suggests that reviews came from patients with a broad array of health conditions, and the effectiveness of the treatment differs from case to case. This dispersion promises a wealth of experiential information from patients confronting various problems and difficulties during treatments; thus, it should be easier for a patient to find other patients in similar situations, who share how they deal with these difficulties. For patients who are more risk seeking, the high variance also induces the opportunity for them and increase their willingness to explore more with the treatment. Inconsistent opinions thus offer more information that is valuable to other patients; thus, we expect the variance of ratings to be positively associated with treatment ratings. 
Homophily Effect
The potential role of homophily, as has been suggested in previous research, is a key ingredient for the effective function of online health communities (Nambisan 2011) . The Internet and user reviews allow consumers to overcome geographic boundaries and to communicate based on mutual interest (Mayzlin 2006) , and the increasing use of online social media enables proliferating amounts of information about product quality to travel throughout a large-scale user network. Thus, online WOM provides a substantial number of messages from the users' perspective; however, it becomes increasingly hard to determine whose comments should be taken into account. Chat channels, recommendation sites, and customer reviews offer potential buyers a massive amount of information, but not all of it will be equally valuable.
The advantage of the online social network application, then, is that it allows consumers to leverage available information from strangers with low credibility to friends with high trustworthiness, and helps users to differentiate the importance of certain information and select trustworthy information sources. In a survey about consumer behavior, the majority of respondents reported that they trusted company or product information that came from "people like me" (Edleman Trust Barometer report 2008). Yan and Tan (2010b) found that patients were more likely to communicate with others who had similar health conditions or experiences. Although the summarized ratings of online patients' reviews represent signals of treatment quality, the WOM from "patients most similar to me" might provide exceptional value, because they share similar symptoms and/or experiences and their opinions can increase the chances of finding the best treatment match. On the other hand, a large variance identified from this group's ratings can cause a patient to doubt why other patients in similar health conditions report quite different treatment reviews. For these reasons, we expect that online reviews generated by more similar patients or the general public will impact users differently.
Hypothesis 2A (H2A):
The WOM generated by similar patients is more influential than the overall WOM generated by healthcare community members on patients' health education.
Hypothesis 2B (H2B):
The WOM generated by similar patients is less influential than the overall WOM generated by healthcare community members on patients' health education.
Credibility of Patients' Expertise
Similar to the essential role played by the concept of similarity, the credibility of the information can also play an important role as more lay users become recognized as experts and opinion leaders in the online environment . Broadly speaking, opinion leaders, or influentials, are individuals who are likely to influence others in the communication environment. They are either in better-connected positions in the network or they are highly recognized by other members of the community. These people are of particular interest to companies in the formulation of marketing strategies. As a result, identifying and measuring the influence power of opinion leaders is widely studied in network marketing research.
However, recent findings are mixed. Some studies find influentials play a critical role in content diffusion (Goldenberg et al. 2003) , while others, like Godes and Mayzlin (2009) , provide conflicting results. Watts and Dodds (2007) suggest that under most of the simulated cases they considered, large cascades of influence are not driven by influentials but rather by a critical mass of easily influenced individuals. In the online healthcare communities, however, patients are talking about their health, trying to improve it or recover it (Klemm et al 1998) . Despite that the quality of the patient shared health content is hard to measure and its helpfulness varies to each individual, the feedback mechanism which gathers credibility award flagged by other patients for shared information and knowledge can be used as proxy to identify influentials in the collaborative environment. Therefore, we expect that as patient-patient interactions become increasingly popular, credibility will have a significant impact on patients' health education. As a result, opinion leaders, who are lay users but also recognized as experts, will be an important factor in relation to other patients' treatment decision making. As such, we advance Hypothesis 3 (H3): Opinion leaders have a significant impact on future ratings.
Data and Variables
We collected our data from a healthcare social networking website, where patients communicate about various health-related topics and share their experiences and knowledge online. Because patients with mental health problems are heavy users of the Internet for disease and treatment information seeking (Powell and Clarke 2006) , we focus on the online social interactions and virtual relationships of this population. Our data set consists of patients' individual health conditions, their online relationships (hereafter referred to as "most similar patients"), treatment measurement reports within this community, discussion of treatments, and forum thread exchanges.
For the purposes of our study, we explored discussions of 15 treatments widely used for patients diagnosed with mental problems; these treatments cover 93% of users who provide their treatment information and experiences to the community. Community-level interactions are collected from the treatment evaluations that are available to every member of the community. For each patient appearing in the treatment discussions, we construct her own social network, if any, by looking at the subscription list on her profile. Like Twitter or other popular blogs, where users can "follow" or "subscribe" to an account, patients in the focused healthcare community can "following" another patient and learn about her health condition dynamics and treatment changes. This virtual relation starts with one patient reaching out to another, so that two patients can become mutually bonded only if they both "subscribe" the other.
Although a patient can observe the subscription list in both directions-in terms of whose social network she has joined and whose network has added her-the initiative of such social interaction implies trust and the potential of influence flow among patients. Therefore, we specifically distinguish this effect by building a directed network.
Ratings Data
In focused healthcare communities, online reviews of a treatment are often provided in two formats. The first and most common practice of WOM is the expression of numerical ratings that a patient chooses to report about various aspects of a treatment, such as effectiveness or side effects. Detailed discussion of a treatment is sometimes also reported in text. To capture a patient's assessment of a treatment, we use numerical ratings i rating as the dependent variable in our study. The complementary text reviews are used as covariates to measure social contagion. Table 1 reports the overall statistics for reviews of the 15 treatments studied. The ratings data collected for this study contained four experiential aspects of treatment: the efficacy of the treatment, the side effects of the treatment, the patients' persistence in taking the treatment, and the hardship of taking the treatment. The perceived treatment efficacy is as close as it gets to a "must provide" assessment for patients who write reviews. These reviews express patients' beliefs about potentially positive or negative consequences of taking the treatment. The measure of side effects indicates patients' perceived adverse effects from taking the treatment. These two measures are not simply judged or controlled by patients' self-disease management, because they are also related to the patients' health condition. However, the other two measurements, the persistence and hardship, are completely controlled by patients, as each decides how to manage the process of adopting treatments. All four experiential aspects together reflect patients' beliefs about the quality of the product. Our study included, as a result, 21,437 efficacy ratings, 6,317 side effects ratings, 1,586 persistency ratings, and 469 hardship ratings for 15 treatments across the 15 months in our panel data set.
Each of these aspects was measured with an ordinal score that ranged from the lowest score of 1 to the highest score of 4 and indicated a patient's perception of the treatment for the corresponding aspect.
The vertical information about consumers' perception of product quality (e.g., low vs. high ratings)
combined with the horizontal aspects of a product-efficacy, side effects, persistence, and hardshipgives a more complete picture of patients' opinions of a treatment.
WOM Measures
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WOM is collected from two sources: the community and the friends. The former is known as the "buzz effect," because it is drawn from the treatment evaluations shared within the entire community, and the latter can be described as the "similarity effect," because it captures opinions from patients who are "more like me." Under these circumstances, we expect patients to react differently to the opinions of friends as compared to the opinions of the general community.
To gain a deeper understanding of social contagion in the online healthcare community, we differentiated the source of WOM in our study, and constructed WOM measures in terms of the dimensions discussed in Section 2 and the form for each source. For simplicity, we eliminated the source in the variable explained in this section.
The Volume and Dispersion Variables for Numerical Reviews
We adopt Godes and Mayzlin's (2004) method to measure the volume and dispersion of WOM as follows.
Take the "buzz effect" reviews as an example. Let t . The increasing participation in such information-sharing behavior in the community is shown in Figure 1 . Figure 2 shows the change of reviews on efficacy from previous month.
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Figure 1: Numerical reviews over month Figure 2 : Number of reviews increased from previous month
The Opinions Extracted from Text Reviews
For text reviews, we counted the number of comments for the treatment to calculate the volume of textual
NumComt for treatment k until time t , and entropy of the text reviews as the dispersion control
Entropy (refer to the appendix for definitions). In addition, we conducted sentiment analysis 1 to extract the opinion embedded in the text. Instead of assigning a +/− sign to a certain text comment, we used the probability to describe the likelihood that the patient was in favor of the treatment. Thus,
, tk PosComment was calculated by summarizing the probability of positive opinions embedded in the context of all text reviews for treatment k until time t . This variable measured patients' positive feelings about the treatment. Table 2 shows the overall distribution for opinions extracted from "buzz" and "similarity." Figure 3 gives the distribution of text reviews across 15 treatments (normalized by the total number of reviews in a month). It shows that less popular treatments receive even lower number of reviews over time. 
Opinion Leadership
The words and opinions of influentials can reach more people and affect their decisions. It is common practice in formulating network marketing strategies to identify opinion leaders. Among which, sociometric techniques, such as indegree centrality, can be used to measure status or prestige in a network (Iyengar et al. 2011) . Given patients in the online healthcare community are sparsely connected, in this study, therefore, we examined a different sociometric measure, a feature in which users rate each other's content, a tool offered by the online healthcare community. Unlike the offline world where various proxies can be used to measure people's social role, the online healthcare community is a self-reporting environment in which social status is rarely used as the proxy for the credibility of shared information.
Instead, feedback on the usefulness of a comment can be used as a proxy measure for assessing the impact of individuals in a collaborative learning environment . When patients exchange information and knowledge in online healthcare communities, other lay users commonly evaluate their inputs. This mechanism helps to leverage the shared information and also suggests the credibility of the opinion. A higher value indicates a more experienced patient, whose opinion is thus more persuasive. In other words, once a patient posts something to the online community, other members can review the content and assess the quality and usefulness of that particular piece of information. The higher the score for the usefulness or helpfulness of a shared piece of information, the higher the perceived quality of the information; a high score also suggests a knowledgeable status in the community.
This feedback mechanism thus provides direct observation of the perceived credibility of information a user has shared. We construct Credibility to assess the impact of individuals within the collaborative community.
Other Controls
In addition to WOM in different dimensions, there is a need to differentiate the potential WOM effect from alternative possibilities such as individual characteristics. Therefore, we explicitly took controls for the treatment characteristics and patients' individualized characteristics. The detailed variables are summarized in Table 3 .
Treatment Characteristics
We captured treatment-related features that ranged from their visibility to their specific tangible usage data. Specifically, we counted the total number of patients who reported taking the treatment in the community NumPatient , the number of subsets of patients who took the treatment and also posted reviews NumPatientRating , and the number of discussions related to the treatment NumTopics . These three controls indicated the popularity of the treatment and could also be used as a proxy for treatment quality. In addition, to avoid potential bias brought about by the use of the treatment, we constructed 
Individual Characteristics
Although the data are collected from patients mainly suffering from mood problems, there are significant differences among these patients. First, patients are characterized by their demographic information such as gender and age.
Female is the dummy variable for a patient's gender, and Age captures that demographic feature. To control for differences in patients' disease severity and their knowledge of their health problem, we constructed variables to indicate their individual disease features, namely the number of current symptoms Numsymptoms , the severity of the health problem AvgSeverity , and the length of time since diagnosis DiseasediagnoseTime . We also constructed variables to capture treatment usage differences, such as the length of time patients had used a treatment TimeonDrug and drug dosage
CurrentDosage . Last, users' online activities were recorded to eliminate potentially unobserved, individual-specific personality effects. DataQuality described how much health information a patient had shared in the community, while
Membership indicated the number of days a patient had been a member of this health community.
InstantMood was a proxy that captured the current mental condition of a patient at the time she wrote a treatment evaluation.
Model and Analysis
There are several challenges in this study. Unlike prior studies, our data set contains patients' WOM on treatments from various perspectives-namely efficacy, side effects, persistency, and hardship-all of which we refer to as the attribute information of a treatment, following a similar notion by West and Broniarczyk (1998) . The primary challenges are, therefore, to determine which attributes information are managerially meaningful and how to investigate their influence.
Another challenge stems from the complexity of the decision-making process. Prior WOM studies have focused on only one feature, or attribute information, such as the efficacy of the treatment, to study patients' perceptions of treatment quality. This ignores any potential impact from other features. For instance, confronted with a severe side effect from a treatment, efficacy may not be the critical factor in a patient's adoption decision. Take Clenbuterol (a decongestant for people with breathing disorders) as an example; although it helps patients with chronic breathing problems, it has been banned in many countries because of severe side effects and other dangers. When a patient reads online reviews of a treatment from multiple angles, the opinions embedded in the reviews are amalgamated to affect the patient's perception of the treatment quality. Thus, it is important to understand how the reviews of various aspects of a treatment integratively affect a user and form her overall perception of treatment quality. This challenge is compounded because online treatment evaluations involve multiple experiential aspects of a treatment, and the evaluations from different patients can differ significantly depending on the individual's experience with a treatment and her preferences for different experiential aspects of the treatment.
Therefore, we developed a constitute construct called "perception of treatment quality," measured by the four (experiential) attribute information items.
Hierarchical Structure and Unobserved Heterogeneity
It is noteworthy that our data is in a hierarchical structure that responses ,, t j k rating are nested by individuals because multiple treatment reports can be generated over time, and individuals are clustered by treatment k . As such, our data set was organized in a three-level hierarchical structure, with the treatment at the highest level of the model, followed by patients, with the response at a given time at the lowest level. To test the significance of variances of effects at each level, we conducted an ANOVA test with nested random factors using item 1 i  perceived treatment efficacy data for models with a single level, two levels, and three levels, respectively. The returned log-likelihood indicated that the two-level model outweighed other models. In other words, unobserved heterogeneity between patients was significant when treatments were similar. Hence, our model is constructed as two-level structure that considered only two levels-item responses and patients.
In addition, the problem of unobserved heterogeneity also needs to be addressed in the model analysis. That is, patients who take the same treatment will behave similarly, as if they are reporting homogenous evaluations. The reviews of those who make multiple evaluations will be identical to one another; however, these assumptions are unlikely to hold because of unobserved heterogeneity as it is obvious that patients are different. To control for the unobserved dependence between responses for reviews in the same cluster, we explicitly added random intercepts to control for patient-related variations.
Model Specification
Patients rate their treatment outcomes in terms of the four experiential aspects; so with item i representing the information that a patient shares in her opinion, 1 i  refers to perceived treatment efficacy outcome, 2 i  refers to perceived treatment side effects, 3 i  indicates the patient's perception of her adherence level, and 4 i  is the perceived treatment burden. To gain a better understanding of the outcome of interest, that is, patients' perceived treatment quality, it is necessary to combine information on the four aspects, each of which indicates a different attribute of the treatment, and then to form a conceptual perception of treatment outcome based on the four aspects. The latent response , , , i t j k rating for the th i item at time t for patient j and treatment k is therefore modeled as Table 4 , we adopted the Case 2 model to conduct further analysis. By combining the measurement model with a structural model for the treatment outcome, the model is constructed as follows:
, 1, 0 
Findings
The parameter estimates for the constitute construct model are given in Table 5 . In this analysis, we found evidence for the social influence of online WOM in healthcare communities. First, we found that the volume of the community WOM (NumRatingReviews) and its dispersion (i.e., the averaged ratings AvgRating and VarRating) had a significant impact on future ratings, indicating a patient's perception of the treatment. Specifically, the positive and significant estimate 1  provided the supporting evidence for Hypothesis H1.1. The more information patients acquire from others' opinions, the better their knowledge, and the greater chance they will have to obtain more complete feedback on the experience of being on the treatment. This more comprehensive information helps patients set proper goals, given their health condition, for their expectations of taking the treatment. The perception of the treatment quality is adjusted as the difference between what patients' expect and what they receive diminishes in the experiential learning process. However, the negative and significant impact of the averaged rating indicated that Hypothesis H1.2B was supported while H1.2A was rejected. When a patient observes a high average rating for a certain treatment, the overall effective feedback causes her to set a high expectation for the treatment, which adversely leads to a lower rating at the time she provides the rating, even if she achieves the health condition she wants. In addition, we found the variance of such review ratings had a positive significant influence on future ratings (VarRating). This positive influence can be explained by the fact that a large variance indicates a large difference in health conditions and treatment outcomes achieved. As such, a large variance makes it easier for a patient to find someone with similar health conditions and to measure their treatment experience more realistically. Hence, it is expected that there will be a positive effect on consumer ratings. Similar to previous findings, the impact of positive comments (PosComment) on patients' reviews was negatively significant, which again confirmed the difference between patients' expectations and their real experiences. Hypothesis 1 was thus supported.
However, although we found some significant influential factors from friends' WOM -for example, a patient with more friends rating a treatment might choose to report a higher score for her experience with the treatment (a positive and significant estimate for NumFrRatingReviews), these findings do not support Hypothesis 2A. By comparing corresponding pairs of (NumRatingReviews, NumFrRatingReviews) and (VarRating ,VarFrRating ), our results indicate the impact of WOM from the healthcare community outweigh the WOM from friends at 1% significance level. In addition, estimations of AvgFrRating and PosFrComment are insignificant from friends' WOM. As a result, Hypothesis 2B was supported.
Nevertheless, we did not find consistent evidence to support Hypothesis 3 (insignificant estimates for
Credence and FrCredence ).  , indicating that patients find this attribute hard to measure, and the results were quite different both between patients and between the times of providing the measures by patients. Last, we found that the factor loading was very close to 1. The low standard errors, significant at the 99% level, suggest that these items should not be constrained to 1-that is, these different experiential attributes should be weighted differently when integrating patients' perceived treatment quality. This finding provides additional support for our assertion that it is necessary to look at attribute information integratively when investigating the WOM effect in the online environment, especially when information comes from a variety of aspects to describe the product and its attributes.
Conclusion and Managerial Implications
Although online WOM presents a unique opportunity for patients to share their experiences of a treatment from multiple perspectives, little attention has been devoted to examining how a patient understands the user-generated content and to what extent WOM impacts her behavior when the information shared online involves different experiential aspects about a treatment and the evaluations differ significantly depending on the unique backgrounds and personal preferences of individuals. In the last few years, the number of online health communities has increased rapidly as more patients seek to access alternative sources of health information as well as to connect with other patients with the same or similar diseases (Nambisan 2011) . In addition, despite the fact the landscape of health IT is expanding and evolving there is little known about how many people actually use this information, their expectations of it, and the implications of this usage (Cotton and Gupta 2004) . Although there are abundant research opportunities exist in the interface of social media and health, this study is not to focusing on who creates online health information nor who are users of online health information. Instead, we investigate how to understand online reviews in the presence of substantive experiential information shared on various aspects and the impacts of experiential information sharing on a patient's perception of treatment quality.
There are two unique aspects of online WOM in a collaborative healthcare environment that fundamentally distinguish our work from prior studies. First, the experiential attributes of a treatment are an important matter for any patient considering the treatment, and the most effective channel for obtaining information on experiential attributes is often by WOM from those who have experienced the treatment.
Doctors can provide the facts of a treatment, which are often also available in the product description provided by the pharmaceutical company, but other patients with personal experience can tell what a treatment truly feels like and what real challenges to expect when receiving the treatment. In addition to the effectiveness of a treatment, other experiential aspects that can be shared are the severity of the treatment, the cost of the treatment, and so on. These other experiential aspects may be critical for a patient who can choose other alternatives. Thus, in the healthcare context, effective sharing of treatment information, particularly experiential information, is essential for patients who seek information that is not necessarily available from a doctor.
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Second, it is worth noting that the evaluations of treatments are dependent on patients' perceptions of the experiential aspects of treatments. Because patients may have different physical conditions and be at different stages of severity of a disease, the same treatment may show varying degrees of effectiveness in different patients, leading to differing perceptions and ratings of the same treatment. Furthermore, an online review can evaluate a treatment from multiple experiential perspectives and rate the attributes of the treatment differently. Depending on the user's weighting function for the various attributes, the overall evaluation of a treatment may vary significantly from one patient to another. Given such heterogeneity, an overall rating of a treatment that integrates individuals' opinions may not be so useful for a patient seeking to learn from the online community. Thus, a critical challenge to be addressed even for the healthcare domain itself is to understand how a patient integrates and interprets the information gathered from the online community when facing an extensive heterogeneity of evaluations.
Taken together, this work is of obvious value to healthcare providers and service practitioners.
Because we present evidence of social contagion in online healthcare communities, even after controlling for individual characteristics and treatment-related changes, there is a need for companies to listen to patients' conversations and learn from their interactions to improve their products. Online social media offer patients a platform to work together and learn from one another, while concurrently presenting firms with a unique opportunity to better understand their customers' feelings and needs. However, firms
should not take what patients say for granted, as there are significant variations among patients and in their conversations. Therefore, a better strategy is required for these companies when they embed consumers' efforts into their decision making. In addition, the findings reported here challenge a commonly used practice in network marketing in that it may be difficult to identify influentials in online healthcare communities. Credibility, a sociometric indicating a patient's health knowledge that is granted by other patients, is shown to be insignificant in the social contagion process and calls for second thought about the use of social networking in the health context. Compared with other non-healthcare online communities, the participants and their behaviors in online healthcare communities are distinctive, and there is a need to develop social network measures that can explain their social communications. Network marketing practitioners should not take it for granted that opinion leaders can be identified and targeted to influence others. A better marketing strategy might be needed to understand their customers and their true behaviors.
Three directions of future research are promising. First, to assure the generalizability of our study, we could test our models on data sets outside the healthcare domain and determine whether consistent results regarding experiential information sharing can be obtained. Second, it could be very interesting to examine how customers integrate opinions from the community with those of friends and how WOM influences customer behaviors when the WOM from the community conflicts with the WOM from friends.
Third, to further extend this study, our findings could be used to guide the design of a social community website so that a user could more easily identify the reviews relevant to her.
